This study explores the state of global marine fisheries and empirically analyzes its relationship to economic factors. We apply the pooled mean group estimator method to examine 70 fishing countries for the period of 1961-2010. We use both catch and the estimated size of stock as proxies for marine ecosystems. Our results confirm that economic growth initially leads to the deterioration of marine ecosystems. However, for a per capita income level of approximately 3,827
Introduction
The ocean provides an enormous amount of resources that are essential not only for providing basic human needs but also for supporting human wealth. However, the ocean's ability to provide sustainable benefits for human well-being is limited by its regenerative capacity, which is currently deteriorating due to overexploitation, pollution and coastal development (Halpern et al., 2012) . This has spurred persistent debates regarding the state of global marine fisheries over the last two decades. Several scientists believe that marine fisheries tend to be unsustainable and that the stock of global marine fisheries is facing threats of serial depletion (Hutchings, 2000; Jackson et al., 2001; Pauly et al., 2002; Srinivasan et al., 2010; Worm et al., 2006 Worm et al., , 2007 Zeller et al., 2009 ). This is indicated by the increasing number of fish species that are classified as overfished or as collapsed (Branch et al., 2011; Froese et al., 2012) , by declining catch trends (Pontecorvo and Schrank, 2012; Zeller and Pauly, 2005) , and by the declining mean trophic levels of catch (Myers and Worm, 2003; Pauly et al., 1998; Pauly and Palomares, 2005) . Additionally, Worm et al. (2006) raised concerns even further by arguing that if current trends of fish overexploitation continue, global marine fisheries are projected to collapse by 2048. On the other hand, arguments against this view contend that current fishing practices are sustainable and that concerns of the collapse of global marine fisheries are slightly exaggerated and misleading (Hilborn, 2007; Murawski et al., 2007; Pauly et al., 2013) . Proponents of this view argue that assessments of stock abundance that use catch data as a proxy are not reliable, as a declining catch does not solely denote a declining stock and vice versa. Gephart et al. (2017) show that in addition to cases of fishery collapse, catch levels are also prone to a broad variety of disruptions and shocks such as natural and man-made disasters, policy changes, increasing fuel costs, and low fish prices. Hence, Worm et al.'s (2006) gloomy projections of the collapse of global marine fisheries, which are based on the assessment of catch time series data, are somewhat misleading (Hilborn, 2007; Murawski et al., 2007) .
Regardless of ongoing disputes between these two contradictory views, the amount of fish stock that is being overfished and that has collapsed is rather high. Branch et al. (2011) explain that proportions of fish stocks that are overfished and that have collapsed have been stable in the range of 28-33% and 7-13%, respectively. This denotes an occurrence of resource deterioration due to the exploitation of fish that exceeds maximum sustainable yields and the regenerative capacities of oceans. Economists explain changes in resource availability and environmental degradation based on economic factors. In a simple case, resource degradation is a transient consequence of economic development that is inevitable. However, after reaching a certain level of economic growth, the beneficial impacts of economic growth on resource quality will be achieved, ameliorating damages to nature. If this holds for global marine fisheries, then stock decline can be only temporary and it need not be considered a threat to sustainability over the long term, as further economic growth is expected to lead to stock recovery through the institution of better management systems and policies. This is referred to as the environmental Kuznets curve (EKC) hypothesis. Alternatively, we might find a monotonic relationship or even complex relationship that mainly depends on resource stock estimates and catch data.
Most previous studies due to data availability issues have focused mainly on the impacts of economic growth on pollution levels, which act as an inversely proportional proxy for environmental quality (Grossman and Krueger, 1991; Managi et al., 2009) . These studies aim to test the existence of the EKC hypothesis and to find a turning point in the economy after which environmental damages will be ameliorated. However, to the best of our knowledge, only a few studies have examined income-natural resource relationships (see for instance Ewers (2006) , Nguyen Van and Azomahou (2007) , Caviglia-Harris et al. (2009), and Al-mulali et al. (2015) ), and none have examined global marine fisheries within this framework. Our main contributions are at least twofold. First, we attempt to estimate the abundance of marine fisheries by relying on a method proposed by Martell and Froese (2013) . Second, we apply an economic model to assess the sustainability of global marine fisheries by examining historical relationships between global marine ecosystems and economic growth. We employ time-series catch and estimated stock data as proxies for measuring the state of the global marine ecosystem.
The remainder of this paper is organized as follows. Section 2 describes the current state of global marine fisheries and its association with economic development. Section 3 discusses the research methodology and data used. Section 4 presents the main study findings and an analysis of the results. Section 5 presents the study's conclusions and its policy implications.
Economic development and the state of global marine fisheries
The impacts of economic development on resource abundance can be differentiated into three stages (Grossman and Krueger, 1991) . The first stage is referred to as the scale effect, which is characterized by a persistent utilization of heavy machinery, indicating a structural change in an problems. Hence, although the inverted U-shaped relationship is initially observed, a new turning point will appear, leading to a positive correlation between income and environmental degradation.
As a result, an N-shaped curve is likely to be observed over the long term. Finally, the composition and technical effects of the economy may also have negative effects on the environment (Tsurumi and Managi, 2010) . This might occur as a result of the poor implementation of environmental regulations or due to the invention of more resource-intensive technologies. If this occurs, then an EKC-type relationship is unlikely to be observed.
A scale effect for global marine fisheries was observed in the early nineteenth century, which was marked by the operation of steam trawlers, power winches, and diesel engines (Pauly et al., 2002) . This industrialization process has resulted in overfishing and stock collapse (Branch et al., 2011; Froese et al., 2012) and in declining mean catch trophic levels (Myers and Worm, 2003; Pauly et al., 1998; Pauly and Palomares, 2005) , suggesting a decline in environmental quality and resource abundance. Figure 1 shows the total catch of global marine fisheries obtained through the Sea Around Us Project (Pauly and Zeller, 2015) . Despite continuous improvements made to fishing methods and technologies, global marine fish catches finally reached a peak in 1996 and declined after experiencing continuous growth for approximately four decades.
Fortunately, this decline in the global catch was also followed by a decline in global fishery discards (Zeller and Pauly, 2005) , which is attributed to advancements in technology and to the use of more efficient fishing practices.
The composition effect of the economy, which reflects structural changes in the economy, leads to the introduction of new regulatory means of supporting better fisheries management. For instance, the United Nations Convention on the Law of the Sea (UNCLOS), which came into force in 1994, and the individual transferable quota (ITQ) system introduced in the late 1970s act as countermeasures against the collapse of global marine fisheries by boosting the economic benefits of fisheries while maintaining their sustainability (Soliman, 2014) . Under the UNCLOS, the nations of the world are required to maintain rates of marine fishery exploitation at a maximum sustainable yield (MSY) . Similarly, the ITQ management system regulates the total allowable catch (TAC) for a particular fish stock and distributes quasi-ownership rights of the TAC to fishermen (Acheson et al., 2015) . Despite flaws of the ITQ system (see for instance Acheson et al. (2015) ), Costello et al. (2008) show that the ITQ management system helps not only retard the collapse of global marine fisheries but also helps rebuild stock.
Methodology

Estimating biomass stock
Unlike estimation methods for other renewable natural resources, estimating the abundance of marine fisheries is rather challenging. The most reliable means of determining stock status is the stock assessment technique, which involves conducting scientific surveys to collect data on fish age and size distributions and on catches per unit of effort. However, this method is costly to apply, is time intensive, and requires access to large volumes of data (Agnew et al., 2013) . In addition, Kleisner et al. (2013) argue that the technique is only applicable for a small fraction of global stocks, and thus it is not a reliable method for portraying the status of global marine fisheries. They recommend using widely available indicators that can provide a better indication of the status of global marine fisheries, although such indicators may be less precise than those of the stock assessment method. Hence, rather than utilizing stock data drawn from the well-known RAM legacy database (Ricard et al., 2012) , we prefer to estimate the stock based on catch time series data drawn through the Sea Around Us Project (Pauly and Zeller, 2015) , which has broader coverage, accounting for more than 160 countries. Some previous studies (e.g., Froese and Kesner-Reyes (2002 ), Pauly et al. (2008 ), Froese et al. (2012 and Kleisner et al. (2013) ) employ the stock status plots (SSP) method, which uses widely available catch data to depict the state of global marine fisheries. However, the SSP method only reveals the qualitative status of fisheries, providing no estimations on the size of fish stocks.
To make quantitative estimates of the global marine fish stock, we use a simple yet powerful Schaefer production function (Schaefer, 1954) . This model is preferred due to its simplicity and attractive features in terms of determining returns based on fish stocks and effort. Additionally, the model is suited to depicting the state of global marine fisheries, as it uses catch data, which are widely available. The stock of biomass at time t is given by the following equation:
where B is biomass, C is the annual catch, r is the intrinsic rate of population growth, and k is the parameter of the carrying capacity. While catch C time series data are widely available, other model parameters (r, k, and B) are rather difficult to obtain. However, Martell and Froese (2013) devise a simple means of estimating equation (1) that is strictly based on catch time series data.
They propose a means of estimating sets of feasible r and k pairs from a uniform distribution function satisfies the following model assumptions: (1) the estimated biomass is never collapsed,
(2) the estimated biomass never exceeds the carrying capacity, and (3) the final stock lies within the assumed range of depletion. The value of r is determined based on the resilience classification of each species, which ranges from 0.05 to 0.5 for low resilience levels, from 0.2 to 1.0 for medium resilience levels and from 0.6 to 1.5 for high resilience levels. Meanwhile, the potential value of k is determined based on the maximum catch volume, which ranges from 1 to 50 times the maximum catch. Additional assumptions on the potential range of the initial and final volume of biomass must also be applied. These assumptions are made based on the ratio between respective catches and the maximum catch (B/k). When the B0/k ratio is less than 0.5, the initial volume of biomass is assumed to account for approximately 0.5 to 0.9 of the carrying capacity. Otherwise, it ranges from 0.3 to 0.6 of the carrying capacity. Similarly, the final biomass is assumed to be approximately 0.3 k to 0.7 k when the B/k ratio is greater than 0.5. Otherwise, the value ranges from 0.01 k to 0.4 k. From these pre-determined value ranges, we randomly draw sets of r-k pairs that satisfy the aforementioned model assumptions. Rather than estimating the MSY, our primary interest is to estimate biomass trends. For this purpose, we take the geometric mean of r, k, and the maximum volume of initial biomass, which corresponds to each feasible set of r-k pairs, and include them in equation (1).
From Sea Around Us Project catch time series data (Pauly and Zeller, 2015), we estimate the stock of more than 1,400 species in 164 countries for 1950 -2010 (see Table A1 in the appendix for more information). The catch data used in our estimation measure the volume of catches for all purposes in each respective country's exclusive economic zone (EEZ) based on domestic or foreign fleets. Figure 1 shows that the global stock has experienced a steady rate of decline along with an increasing catch volume. However, the rate of decline decreased over the time period, implying beneficial impacts of better fisheries management protocols. We carry out a further analysis of this trend by taking into account different characteristics of each country as is shown in Figure 2 . We can see that some rich countries that have adopted quota-management systems such as Japan, the UK and the USA have managed to reduce their catch levels and to contribute significantly to declining levels of global catch. As a result, these countries are able to maintain or even recover their stock levels. On the other hand, declining levels of stock are observed for developing countries such as China, Indonesia and Malaysia. These countries are characterized by increasing scales of economy and by relatively high levels of population growth, which are likely to place escalating pressures on marine resources. 
Economic modeling
Our paper studies the relationship between economic growth and global marine resources based on the following general parametric models: ln = 0 + 1 ln + 2 ln 2 + 3 ln 3 + 4 ln + (2) ln = 0 + 1 ln + 2 ln 2 + 3 ln 3 + 4 ln +
where C is the volume of fish catch; B is the estimated volume of biomass; Y is the per capita gross domestic product (GDP); and εit is the standard error term. To avoid omitted variable bias, our models also include population density (P) as an independent variable. Halkos et al. (2017) show strong evidence that the decline of natural capital is associated with the increase of another type of capital, such as human capital. Additionally, Merino et al. (2012) show that variations in fish production are also driven by population growth. Furthermore, to account for trends in the variables, we include time trends in our models. We prefer to use the reduced-form model, as it allows us to study the relationship between income and resource abundance both directly and indirectly without being distracted by other variables (see List and Gallet (1999) is an inverted U-shaped relationship between per capita income and the volume of catch or a Ushaped relationship between per capita income and the estimated volume of stock, suggesting the existence of a turning point in the economy after which economic growth is beneficial for resource abundance. Moreover, a cubic-type relationship follows either an N-or flipped N-shaped curve, suggesting the existence of a secondary turning point in the economy at which point the trend of the income-resource relationship is reversed a second time.
Our models involve nonstationary heterogeneous panel data of a large number of timeseries and cross-sectional observations (50 years of observations for 70 countries). Hence, they cannot be estimated by simply pooling the data and by using fixed or random effect estimators, which assume identical slope coefficients across the groups. Additionally, estimating each group separately via the mean group estimator approach is also inappropriate, as it allows intercepts, slope coefficients, and error variances to differ across groups, overlooking the fact that some parameters may be similar across groups (Pesaran et al., 1999) . Therefore, we use the pooled mean group (PMG) method, which combines pooling and averaging methods developed by Pesaran et al. (1999) . The PMG method allows for heterogeneity in intercepts, short-run coefficients and error variances but restrains long-run coefficients as identical (Pesaran et al., 1999) .
The PMG method requires that all variables are not integrated at an order of higher than 1.
To obtain the integration properties of our panel data, we use panel unit root tests, which have a higher power compared to individual unit root tests for each cross-section (see for instance Levin et al. (2002) ). We employ three panel unit root test methods, e.g., Im, Pesaran and Shin (IPS), After confirming the stationarity of the variables, the autoregressive distributed lag (ARDL) representation of our models is given by the following equations: economic growth and resource abundance. Meanwhile, a linear-type relationship exists when β2=β3=0 and β1≠0; or γ2=γ3=0 and γ1≠0. Non-linear relationship between economic growth and resource abundance exists when β2 and/or β3 or when γ2 and/or γ3 are significantly different from zero. 5) and the error correction equations are given by
where ECTt-1 is the lagged error-correction term and where π is the speed adjustment parameter, which measures the speed of the adjustment of the endogenous variable when there is a shock in the equilibrium. The coefficient of the lagged error correction term is expected to be negative and statistically significant. The optimal lag order is determined based on the smallest Akaike These data measure the volume of catches for all purposes for each respective country's exclusive economic zone (EEZ) for domestic or foreign fleets. Although our estimation may be less precise than that of the well-known RAM legacy database, it has broader coverage, making it more reliable in terms of reflecting the current state of global marine fisheries.
Results and discussion
Our evaluation begins with an examination of integration properties of the variables examined based on three types of panel unit root tests: IPS, ADF-Fisher, and PP-Fisher. The lag lengths of the panel unit root tests are selected based on the SBC value. The test results provided
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We continue our analysis by determining the optimal lag length to be used in the ARDL model. Table 2 presents the top 5 models that minimize the AIC and SBC values by setting the maximum lag order at 4. From Table A1 , we can see that for both models, the AIC and SBC present different model specifications. We prefer to use the lag structure recommended by the AIC to avoid oversimplifying the model. Thus, we have ARDL (2, 1, 1, 1, 1) for the catch model and ARDL (3, 1, 1, 1, 1) for the biomass model.
The results of the PMG estimations are provided in Table 3 . From Table 3 , we can see that over the long term, the impacts of economic growth on catch and biomass levels are significant.
However, the estimated coefficients of the two models have opposite signs, indicating contradictory effects of economic growth on fish production and abundance. The positive and significant coefficient of the cubic term of the catch model suggests that the relationship between income and global levels of catch is best described by a flipped N-shaped curve. Meanwhile, the opposite sign of the cubic term in the biomass model suggests the presence of an N-shaped curve.
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The catch model depicts a flipped N-shaped curve with an initial turning point as a local minimum occurring at an income level of 276 USD per capita and with the second turning point as a local maximum occurring at an income level of 3,827 USD per capita. Our findings suggest that in early stages of economic development, higher income levels lead to decreasing catch levels.
During this stage, rather than being driven by economic growth, increasing catch levels are mainly caused by population growth. At this stage of economic development, the fisheries sector is dominated by traditional small-scale fisheries. However, after reaching the first turning point, increasing levels of income and population growth lead to higher catch levels, placing more pressure on the environment. This stage of economic development illustrates the scale and technological effects of global marine fisheries, which are marked by the rapid development of industrial-scale fisheries and by advances in technology. This industrialization process has led to the perceptible environmental deterioration of global fisheries (e.g., growing numbers of overfished or collapsed stocks and declining mean trophic catch levels). One the second turning point is reached, the trend reverses. While population growth places continuous pressure on catch levels, further economic growth leads to decreasing catch levels. At this stage of economic development, composition effects of the economy result in the creation of new environmental regulations and cleaner industries that preserve the environment and that undo damages of previous stages of development. However, our catch model does not support the conventional EKC hypothesis, as the flipped N-shaped curve suggests the existence of a secondary turning point beyond which environmental benefits of economic growth will be achieved. For the biomass model, the first turning point, which is a local maximum, is observed at an income level of 661 USD per capita, and the second turning point, which is a local minimum, is observed at an income level of 6,066 USD per capita. Our model implies that initially, the exploitation of fish will lead to the development of stock, which conforms to Schaefer's (1954) production function model. However, beyond the primary turning point, further economic growth leads to stock decline due to the overexploitation of fish above its MSY. This trend reverses again after per capita income levels exceed the secondary turning point, suggesting beneficial impacts of economic growth on resource abundance.
For the short-term, we find significant impacts of economic development on short-run variations at the catch level. However, its impacts on biomass levels are not significant. We also find no significant impacts of population growth on catch and biomass levels for the short-term. Furthermore, the lagged error-correction terms (ECTt-1) for both of our models are negative and statistically significant, confirming the presence of cointegration between variables. These coefficients measure the speed of endogenous variable adjustment when there is a shock in the equilibrium. For the catch model, the absolute value of the lagged error-correction term is 0.238835, indicating a relatively high rate of adjustment in the presence of any shock to the equilibrium. A deviation from equilibrium catch levels in the current period will be corrected with 23.88 percent in the next period. On the other hand, the absolute value of the lagged errorcorrection term of the biomass model is only 0.045471, which is fairly low. In the presence of any shock to the equilibrium, the volume of biomass will be corrected by only approximately 4 percent in the next period. Our findings imply that while the impacts of scale effects of the economy are perceivable over the short term, beneficial impacts of composition effects of the economy on stock recovery can only be achieved over the long term.
Both of our models suggest that declines in resource abundance are an inevitable consequence of fisheries sector development. However, as the economy grows, the beneficial impacts of economic growth on resource abundance will be attained. This results from the adoption of more stringent environmental regulations, from the implementation of better fisheries management systems and from the use of more advanced technologies. Such processes will spur a decline in catch levels over the short term and stock recovery over the long term. Our findings support Hilborn's (2007) argument that declines in abundance should not be considered a serious problem, as they merely serve as a means of achieving sustainable yields.
Based on PMG estimates, we obtain a 20-year forecast from our models. For this purpose, we use the world population prospect of the United Nations to obtain the projected global population of 2030. We also assume that the global economy grows at a constant rate of 2.6 percent per annum. The forecasts of our models are shown in Figure 3 . From Figure 3 , we can see that after reaching its peak in 1996, global catch is predicted to decline until 2030. In 2030, the volume of global catch is expected to decrease by 2.8 percent from the 2010 level. Similar trends are observed for the biomass model. However, the trend reverses in 2027. In 2030, we expect to see improvements to global marine fish stocks, although the predicted volume of biomass should still exist below the 2010 level. A more detailed analysis of the top fishing countries examined (see Figure 4) shows that rich countries such as Japan, the UK and the USA contribute positively to declining global catch levels, which in turn prevent the stock from deteriorating further. This highlights the beneficial impacts of better fisheries management systems used in these countries. Interesting findings were found in the case of Malaysia. Unlike those of other middle-income countries, Malaysia's total catch is expected to peak in the near future. However, such declining catch levels are not immediately followed by stock recovery. For other developing countries such as China and Indonesia, we expect to see an increase in catch levels over the next two decades, leading to a steady decline in stock levels.
Conclusions
The objective of this study was to estimate the state of global marine fisheries and to study its relationship with economic factors. For this purpose, we used both catch levels and the estimated stock of fish as proxies for marine resource abundance. Our models employed panel datasets on 70 fishing countries for 1961-2010.
We found no evidence of the EKC hypothesis for global marine fisheries from catch and biomass stock models. However, our models show that the beneficial impacts of economic growth on global marine fisheries are likely to be achieved. Our catch model reveals the occurrence of a secondary turning point at an income level of 3,827 USD per capita after which further economic growth will lead to a decline in catch levels. In addition, our biomass model presents a secondary turning point occurring at an income level of 6,066 USD per capita after which further economic growth will lead to stock improvements. We also found that population density places constant pressure on resource use by increasing catch levels or reducing stock sizes. Our models forecast that over the next two decades, global catch levels should decline alongside economic and population growth. We also expect to find a slight decline in stock levels followed indications of stock recovery. However, our models do not dismiss the need for more stringent environmental regulations and for the use of better fisheries management practices. The higher secondary turning point and the small value of the lagged error-correction term of the biomass model suggest that current quota-based management approaches that attempt to limit the volume of catch might help mitigate pressures on the environment while preventing stock depletion. However, stock recovery is unlikely to be observed over the short term.
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